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Abstract: Urban air pollution is a critical global environmental issue, necessitating an analysis of the
spatiotemporal characteristics of air quality and its driving factors for sustainable urban development.
However, the traditional urban air quality assessment system ignores the impact of internal urban
spatial structures. Therefore, this paper proposes an assessment system that integrates natural,
socio-economic, and urban layout factors by utilizing the air quality index (AQI) and 14 types of
multi-source geographic data in the main urban area of Beijing from 2016 to 2020 and constructs geo-
graphically weighted regression (GWR) and multi-scale geographically weighted regression (MGWR)
models for spatiotemporal analysis. Our findings revealed an annual improvement in air quality,
with a U-shaped seasonal pattern and significant spatial clustering (Global Moran’s I = 0.922). The
MGWR model provided a superior fit over the GWR, capturing spatial variability more effectively.
Variables such as NDVI, economic output (GDP), and humidity space adjustment capability (HSAC)
showed significant positive spatial impacts on air quality, while population density (POP), tempera-
ture (TEMP), and road density (RD) exhibited negative effects. These results explain the changes in
air quality in the main urban area of Beijing from a spatiotemporal perspective and provide planning
input for urban air quality regulations.

Keywords: urban air quality; assessment system; multi-source geographic data; spatiotemporal
analysis; multi-scale geographically weighted regression

1. Introduction

In light of rapid economic expansion and escalating urbanization [1], several cities
in China currently face formidable environmental pollution challenges. These challenges
encompass heightened greenhouse gas emissions, exacerbated urban heat island impacts,
frequent occurrences of extreme high-temperature events, and the degradation of urban
ecosystems [2-5]. These issues contradict the principles of sustainable development [6],
threatening not only the health and well-being of current residents but also posing signifi-
cant risks to future development. Among these, urban air pollution in China is particularly
severe and is a globally recognized environmental challenge [7,8]. As the capital of China,
Beijing has a high population density and a high level of economic activity. The city has
experienced rapid urbanization and a large amount of transportation and industrial ac-
tivities which have led to high concentrations of air pollutants such as particulate matter,
nitrogen dioxide, and ozone. Excessive concentrations of these pollutants will seriously
affect the health and overall quality of life of urban residents. Furthermore, the Beijing gov-
ernment places a significant emphasis on environmental protection and has implemented
a multitude of rigorous air pollution control measures, which provides this study with a
distinctive perspective from which to analyze and assess the level of urban air quality and
then explore improvement measures to combat air pollution [9]. In conclusion, Beijing is a
representative and exemplary city in the study of air pollution.

Urban air quality monitoring has often used the air quality index (AQI) as a nu-
merical indicator of air quality and its potential health impacts [8]. The AQI serves as a
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straightforward method for the public to understand the level of air pollution, converting
concentrations of various pollutants in the air into a standardized index value [9]. The AQI
is a quantitative indicator of current air quality and potential health impacts developed by
the World Health Organization (WHO) guidelines [10]. The higher the AQI value, the more
severe the air pollution and the greater the potential health risks [11-13]. The classification
standards of the AQI are shown in Table Al. Studying the spatiotemporal characteristics
and driving factors of the AQI is crucial for assessing urban air quality and mitigating
air pollution [14-18]. Numerous studies have quantitatively analyzed the spatiotemporal
distribution and trends in the AQI in China from different regional perspectives. At the na-
tional scale, researchers analyzing AQI changes across the country have identified regions
with consistently high AQIs primarily in North China, the Yangtze River Delta, and the
Pearl River Delta [5,19,20]. At the urban scale, researchers have focused on areas or urban
agglomerations with advanced urbanization and industrialization processes, identifying
spatiotemporal patterns and the factors influencing air quality indices [21-24]. Recent
studies have focused on smaller spatial scales, such as specific cities or their metropolitan
areas, and scientists have adopted higher spatial and temporal resolutions to more finely
characterize urban air quality and its drivers [25,26].

In urban areas, researchers have leveraged the high spatiotemporal resolution ad-
vantages of satellite remote sensing data to conduct many studies on the factors affecting
air quality [27,28]. Initially, meteorological factors, including temperature, precipitation,
relative humidity, and wind speed, were introduced as potential explanatory variables
for variations in China’s air quality index and air pollutants [28-30]. Currently, the most
classic indicator system consists of factors from natural environments and socio-economic
indicators. From a natural perspective, vegetation indices such as the Normalized Differ-
ence Vegetation Index (NDVI) and the Enhanced Vegetation Index (EVI) are used to reflect
the impact of the natural environment on air quality [31]. These products are positively
correlated with improvements in air quality and health status due to vegetation’s ability to
absorb and block air pollutants [32,33]. Socio-economic indicators include road network
density, the Normalized Difference Built-up Index (NDBI) [34], nighttime light (NTL) [35],
population density, per capita GDP, and other factors related to resident activities and
energy consumption [36,37]. These studies effectively mine the specific sources of regional
air pollution from both natural and socio-economic perspectives, but they also have limi-
tations, such as neglecting differences in internal urban layouts and not recognizing the
driving mechanisms of urban forms, industrial structures, and other urban layout attributes
on the urban air environment [38—40]. Consequently, it is of paramount importance to
select a range of urban layout indicators in addition to those concerned with natural and
socio-economic impacts to enhance the depth of research into the factors influencing urban
air quality.

To unveil the driving mechanisms behind urban air quality’s influencing factors, it is
necessary to select appropriate spatiotemporal regression models for modeling and analyz-
ing the drivers of air pollution. Early research on air quality time series utilized linear and
nonlinear models to predict urban air quality, comparing the abilities of different models to
forecast pollutant concentrations using meteorological factors and air quality monitoring
data [41]. Currently, many scholars have explored spatial models based on geographic
data, such as Inverse Distance Weighting (IDW) based on spatial autocorrelation and Land
Use Regression models (LUR) [42]. Global and local Moran’s I can systematically measure
the spatial autocorrelation of AQI values at the urban level in China, while Ordinary Least
Squares (OLS), Spatial Autoregression (SAR), and Geographically Weighted Regression
(GWR) quantitatively estimate the comprehensive impacts and spatial variations of ur-
banization on air quality [5]. The Geographically and Temporally Weighted Regression
(GTWR) model can explain discontinuous AQI values and capture spatiotemporal non-
stationarities that GWR does not consider [27]. Most models are limited by the collinearity
among variables, which restricts their explanatory power and robustness, and fail to effec-
tively identify scale-varying dominant influencing factors. The Multi-scale Geographically
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Weighted Regression (MGWR) model considers the multi-scale spatial effects between air
quality and various variables, providing deeper insights into the spatial distribution of air
quality and the spatial mechanisms of its influencing factors. This model is particularly
suited for exploring complex environmental issues and formulating precise environmental
management strategies.

This paper addresses a gap in the existing research, which lacks an understanding
of the driving factors of urban air pollution from the perspective of urban spatial layout.
By integrating time series data from air quality monitoring stations with multi-source
geographic information data, a comprehensive indicator system for urban air pollution re-
search is proposed. Utilizing the MGWR model, this study investigates the spatiotemporal
characteristics of air quality in the main urban area of Beijing and the spatial heterogeneity
and intensity of its multiple influencing factors.

2. Study Area and Data
2.1. Study Area

This study selected the main urban districts of Beijing, including Dongcheng, Xicheng,
Chaoyang, Haidian, Shijingshan, and Fengtai. This area is the most densely populated and
economically active region in Beijing, occupying less than 10% of the total area of Beijing but
housing more than half of the city’s permanent population. Due to its unique geographical
location and high level of urbanization, it has become an ideal area for studying the
spatiotemporal heterogeneity of urban air pollution. In this study, a 1 km x 1 km grid
sampling was conducted across these six districts, ultimately obtaining 1382 samples
(Figure 1), providing foundational data for subsequent analysis.
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Figure 1. Geographical location of the study area and distribution of the monitoring sites (2019 China
Map—Map Approval No. GS (2019) 1822).

2.2. Data Sources and Pre-Processing

The data used in the study primarily consist of station monitoring data, remote sensing
product data, and open-access geographic big data (Table 1). Below is an introduction to
the data and their pre-processing steps.
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Table 1. Data sources and their description.

Type

Resolution

Name Source

Temporal Spatial

minimum temperature

WorldClim

maximum temperature 2016-2020 monthly

B ~ 2
25 min (~21 km® at (https:/ /www.worldclim.org/,

precipitation

the equator) accessed on 12 September 2023)

NDVI 250 m

The Land Processes Distributed
Active Archive Center (LP DAAC)
(https:/ /lpdaac.usgs.gov/,

2016-2020 yearly accessed on 20 September 2023)

Raster

WorldPop

population 100 m (https:/ /www.worldpop.org/,

accessed on 23 September 2023)

RDLS 2014 1km

Global Change Research Data
Publishing & Repository
(https:/ /www.geodoi.ac.cn/,
accessed on 27 September 2023)

Luojia-1 satellite official website (http:

Luojia 1-01 NPP-DNB product 2018 130 m //59.175.109.173:8888 /index.html,

accessed on 10 October 2023)

OpenStreetMap

OSM \ (https:/ /www.openstreetmap.org/,

2020 accessed on 17 October 2023)

POI \ Gaode Map open platform

Vector

Beijing Municipal Ecological and

AQI \ Environmental Monitoring Center

(https:/ /www.bjmemc.com.cn/,
accessed on 22 October 2023)

wind speed

2016-2020 hourl
Y National Centers for
Environmental Information
\ (https:/ /www.ncei.noaa.gov/,
accessed on 3 November 2023)

Statistics

Beijing Municipal Bureau of Statistics

per_GDP 2016-2020 yearly \ (https:/ /tj.beijing.gov.cn/,

accessed on 19 November 2023)

2.2.1. Station Monitoring Data

The station monitoring data span from 2016 to 2020, including hourly air quality
monitoring data from 35 stations in Beijing and daily ground meteorological monitoring
data from 400 stations across the country, and will be used to generate the AQI and wind
speed raster data for the study area, respectively.

2.2.2. Remote Sensing Product

The remote sensing imagery products include the global monthly maximum tempera-
ture, minimum temperature, and precipitation products from 2016 to 2020; average NDVI
products; China population distribution data; the 2014 China topographic relief kilometer
grid dataset; and the Luojia 1-01 NPP-DNB product. The Luojia 1-01 NPP-DNB product
can reflect the intensity and distribution of human activities, making it a powerful tool for
analyzing and estimating energy consumption levels. This study selected three cloud-free
scenes from the NPP-DNB product for October 2018 and conducted pre-processing, which
includes the radiance conversion formula, which is as follows:

L =10"0.pN>? (1)

where L is the radiance value after absolute radiometric calibration, expressed in units, and
W/ (m?-sr-um) is the image grayscale value.

2.2.3. OSM and POI Data

The 2020 China Shapefile vector format OSM was obtained from Geofabrik’s free
download server (https://download.geofabrik.de/), and the data have been trimmed
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and topologically corrected. Additionally, 367,914 Points of Interest (POls) within the
study area were acquired through the Gaode open platform and categorized into eight
classes: commercial residential, financial institutions, science and education culture, trans-
portation facilities, corporate enterprises, leisure and entertainment, medical care, and
lifestyle services.

3. Methods and Models

The research framework of this article (Figure 2) encompasses the following aspects:
(1) constructing an indicator system using urban air quality’s influencing factors based
on natural environment, socio-economic, and urban layout dimensions; (2) conducting
multi-temporal scale studies of air quality trends to analyze and compare the trends in
the AQI at different time scales and using spatial autocorrelation to analyze the overall
spatial distribution characteristics of the AQI (3) Employing GWR and MGWR models to
quantitatively analyze the impact strength and spatial heterogeneity of air quality driving
factors, providing refined references for regional development.
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Figure 2. Research framework.

3.1. Indicator Construction Module

Considering the natural environment, socio-economic factors, and urban spatial layout
comprehensively, an evaluation indicator database for air quality driving factors at the
urban scale has been constructed.

The Ordinary Kriging interpolation method is employed to interpolate discrete mon-
itoring data, resulting in the distribution data of the AQI being used as the dependent
variable. The Ordinary Kriging interpolation estimates that if there are n known points
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x;(i=1,2,---,n) around a point, then the estimated value at point xy can be calculated
using Equation (2):

n

Z(Xo) = ) Bi-z(x;) (2)

i=1
;/31‘ =1 (©)

where f; is the weight assigned to z(x;) in the distribution. The weights are calculated
using the Lagrange multipliers method, and the sum of the weights equals 1 (as stated in
Equation (3)); z(x;) is the observed value at the known location x;; Z(xg) is the estimated
value at the estimation location xj; and 7 is the number of actual observed values used to
estimate Z(xp).

Natural environmental factors are composed of meteorological elements, topographic
features, and vegetation cover. Meteorological factors include average temperature (TEMP),
precipitation (PREC), and wind speed (WDSP). Wind speed data were also obtained by Or-
dinary Kriging interpolation, producing annual average values for 2016-2020. Topographic
features are represented by the relief degree of land surface (RDLS), which describes the
urban surface morphology. Vegetation cover is characterized by the NDVL

The socio-economic characteristics used comprise population distribution (POP), the
distribution of Gross Domestic Product (GDP), and energy consumption intensity (ECI).
Nightlight remote sensing data represent energy consumption intensity.

Urban spatial layout is composed of the Industrial Agglomeration Index (IAl), traffic
network density (TND), Residential Density (RD), Green Space Ratio (GESP), Grey Space
Ratio (GASP), and Humidity Space Adjusted Capability (HSAC). Residential Density is
used to identify areas with concentrated populations and relatively sparse areas. The
Industrial Agglomeration Index reflects the spatial concentration of industries within the
city. Based on the selected eight categories of POI data, urban functional areas are identified
through a kernel density analysis. Subsequently, a Principal Component Analysis (PCA)
is applied to these complex functional area classification data to derive key dimensions,
resulting in the Industrial Agglomeration Index, which facilitates an intuitive understand-
ing and analysis of the distribution of urban industries. Traffic network density reflects
the aggregation of roads and railways within the study unit, and its calculation formula is
as follows:

RD = (rail},, + roady,,)/grid,,,, 4)

where railj,, is the total length of roads within the study unit, road),,, is the total length of
railways within the study unit, and grid ,,, is the area of the study unit.

The GESP and GASP represent the greenness space and floor area percentage in each
grid, respectively. The urban humidity space is characterized by water bodies and analyzed
using multilevel buffer zones. Buffer radii of 50 m, 100 m and 200 m are set sequentially,
corresponding to the air quality regulation coefficients of 0.65, 0.25, and 0.1, respectively.
Finally, the humidity space regulation capacity of each unit is calculated according to the

following equation:
n

HSAC =Y x;-B; (5)
i=1

where §; is the adjustment factor and x; is the area of the buffer corresponding to j;.

3.2. Spatial Distribution Feature Generation

Spatial autocorrelation is categorized into global autocorrelation and local autocor-
relation. Global autocorrelation can be characterized by the Global Moran’s I statistic to
characterize the overall spatial distribution of air quality. The formula is as follows:

n Litq Ljq WijZizj
c_ 2 (6)

i

[ =
So 1z
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where 7 is equal to the total number of elements, Sy is the aggregation of all spatial weights,
z; is the deviation between the attribute of element i and its mean, and w; ; is the spatial
weight between elements 7 and j. A value > 0 indicates that there is a positive correlation in
the spatial data, and a value < 0 indicates that there is a negative correlation in the spatial
data. When the value is close to 0, there is no significant correlation.

Local Moran’s I values are categorized into spatial aggregation patterns of high—-high
(H-H), low-low (L-L), low-high (L-H), or high-low (H-L) based on aggregation. The
calculation formula is as follows:

. —_— Zi n .. .
I = Sszz,;Z] )
kall

where ; is the local Moran’s I of region i, $? is the variance of all observations, Z; is
the normalized observation, w; ; is the spatial weight between element i and j, Z; is the
standardized score of the attribute value of position j, and 7 is the synthesis of all regions
in the study area.

3.3. Spatial Heterogeneity Feature Generation

Spatial variation in the impact of different influencing factors on the AQI is analyzed
using GWR and MGWR. GWR is a local modeling tool based on the optimization of
global regression models, where each sampling location has its parameter within the
following equation:

n
yi = Bo(ui,v;) + Y, Bj(ui,vi)xi; + € (8)
j=1
where (u;,v;) are the coordinates of point i in space, B;(u;, v;) is the regression coefficient
of each variable at point i, By (u;, v;) is a constant term, ¢; is the regression residual of the
point i, and n is the number of independent variables.

MGWR is an improved algorithm based on GWR, which can solve the problem of the
GWR model defaulting to all the influencing factors playing a constant role on the spatial
scale in the analysis of spatial heterogeneity, so that we can study the relationship between
the influencing factors at different scales. The equation is as follows:

n
Yi = Brwo (i, vi) + Y, Bow; (i, vi) xij + € ©9)
=

Each regression coefficient f,; is obtained based on a local regression process and has
different bandwidth settings, where bw0 is the intercept bandwidth, bwj is the bandwidth
of the variable j, and the remaining parameters are consistent with Equation (8).

To evaluate the effect of these two regression models, the coefficient of determination
(R?), the corrected Akaike information criterion (AICc), and the residual sum of squares
(RSS) are used as evaluation indicators.

4. Results and Discussion
4.1. Dominant Impact Indicators

The air quality of the monitoring area is assessed using the average value of the
historical data from each monitoring station over 5 years (Figure 3). The results indicate
that the air quality in Fengtai District is the poorest, while that in Shijingshan District and
Haidian District is the best. Chaoyang District, being large, shows minimal variation in its
monitoring results and maintains a moderate air quality level. The eastern and western
urban areas are the core areas of Beijing, exhibiting a high AQI in their north and south,
but a low one in the middle. That is, the central area enjoys excellent air quality, whereas at
the junction of peripheral urban areas it is generally lower.
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Figure 3. Spatial distribution of average AQI from 2016 to 2020.

The correlation analysis matrix (Figure 4) indicates that the correlation between POP
and GDP is 0.85, and the correlation between IAI and GASP is 0.75, both of which show
strong positive correlations. The correlation between TEMP and RDLS is —0.73, showing a
strong negative correlation. A multicollinearity diagnosis further verifies whether these
highly correlated indicators need to be eliminated. The diagnosis results (Table 2) show
that the VIF of all indicators is less than 5, proving that there are no collinearity issues and
that each indicator can independently explain its impact on air quality.

Table 2. AQI-based explanatory variable index system and multicollinearity diagnostic results.

Indicator Category Indicator Abbreviation Description Unit Collinearity Statistic

Tolerance VIF
Wind speed WDSP Mean wind speed from 2016 to 2020 0.1 knots 0.720 1.390
Temperature TEMP Mean temperature from 2016 to 2020 °C 0.215 4.659
Precipitation PREC Mean precipitation from 2016 to 2020 mm 0.360 2.780
i I\jftu:al Relief degree of land surface RDLS Comprehensive characterization of \ 0383 2613

Indicators 8 altitude and surface incision in 2014 ’ i
Normalized difference NDVI Mean NDVI from 2016 to 2020 \ 0.466 2147

vegetation index
Energy consumption Characterization using nighttime light
Socioeconomic intensity ECI remote sensing data in 2018 \ 0.670 1.494
indicators Population POP Total population distribution 10* people 0.245 4.090
Gross domestic product GDP Mean GDP from 2016 to 2020 10* yuan 0.248 4.034
Lo Reflect the agglomeration of
Industry aggregation index IAI urban medustries \ 0.304 3.295
Transpogtatlgn network TND The ratio of roaq network !ength to unit m/km? 0.589 1.696
ensity area in each grid

Urban layout Residential density RD Reflect the gathering situation of \ 0618 1.617

indicators residential areas ’ :
Green space percent GESP Green space area to unit ratio % 0.736 1.358
Gray space percent GASP Buﬂdmgr;éia to unit % 0.381 2.627

Humidity space Reflects the ability of wetlands to

adjustment capability HSAC purify the air quality \ 0-907 1.103

The spatial distribution of each variable reflects the spatial distribution heterogeneity
of the driving factors (Figure 5). As an indicator of urban spatial pattern, Figure 5a—f show
the most pronounced spatial heterogeneity.
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4.2. Temporal Characteristics of the AQI

From 2016 to 2020, the annual AQI of the study area showed an overall downward
trend (Figure 6a). The AQI followed a U-shaped variation across seasons (Figure 6b) and
in spring was generally higher. Subsequently, in summer, the increase in rainfall usually
helped to reduce pollutants in the air, leading to a decrease in AQI values. In autumn,
the AQI remained at a low level, but, in winter, with the increase in heating demand, coal
pollution caused the AQI to rise again. This seasonal U-shaped pattern in AQI variations
indicates a complex interplay of various environmental and human factors within Beijing’s
urban environment. It underscores the need for dynamic and season-specific approaches to
regulating air quality, considering natural and anthropogenic factors that affect pollution
levels throughout the year. For instance, a stricter control of construction dust in spring
and reducing coal use in winter are necessary measures.
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Figure 6. AQI multi-timescale variation characteristics. (a) The multi-panel map of the AQI over
time, from 2016 to 2020; each panel represents the change and mean of the AQI in each season of the
year. (b) The monthly average AQI line chart of 2016-2020 and the corresponding air quality grade of
each month.

The seasonal variation of monthly average AQI values from 2016 to 2020 highlights
the difference in monthly air quality (Figure 6b). From 2016 to 2018, air quality was mainly
concentrated in the range of moderate to mild pollution. From 2019 to 2020, air quality was
mainly distributed between the good and medium grades, showing a significant increase
in the proportion of air quality improvement.

4.3. Spatial Characteristics of AQI

The global Moran’s I = 0.922, indicating that there is a significant positive spatial auto-
correlation in the AQIs in the study area. Local spatial autocorrelation analysis identified
cold and hot spots (Figure 7). The population in the hot spot area is dense, with high coal
consumption for heating in winter and high power consumption for cooling in summer,
resulting in substantial air pollutant emissions. In addition, the plain terrain facilitates
the spread of air pollutants between regions, which eventually leads to the accumulation
of high AQI values. Multiple continuous grids in the Haidian District in the northwest
of the study area belong to the cold spot area, and their AQI value is low, showing a
low-low cluster and high local correlation. This is mainly because Haidian District contains
a number of large national parks; the northwest possesses a high greening rate and strong
air purification capacity.
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Figure 7. Local spatial association index (LISA).

4.4. Comparative Analysis of GWR and MGWR Results

The MGWR model performs better than the traditional GWR model. Specifically,
the MGWR model has a significantly higher coefficient of determination (R? = 0.985) and
adjusted coefficient of determination (Adjusted R? = 0.975), which means that the model
has significant explanatory power for almost all variables. Additionally, the MGWR model
has a lower Akaike information criterion correction value (AICc = 104.817) and residual
sum of squares (RSS = 20.318), indicating that it has higher accuracy and a lower error in
fitting data and can better capture and explain the local variability of spatial data.

4.4.1. Bandwidth Analysis Driving Factors

The optimal bandwidth of each variable is generated by the MGWR and GWR models,
and the standardized parameter estimation corresponding to the MGWR model varies
(Figure 8), where the optimal bandwidth of the GWR model is 84, and the average of the
15 bandwidths of the MGWR model is 180.13. MGWR simulates the effects of variables on
different spatial scales, resulting in varying optimal bandwidths. The larger the bandwidth,
the greater the overall impact of the variable on the air quality in a space, the higher
the degree of spatial stability, and the smaller the spatial heterogeneity. On the contrary,
variables with smaller bandwidths have a significant impact on air quality locally, with a
higher degree of spatial non-stationarity and spatial heterogeneity. The results show that
NDVI and TEMP have large bandwidths and low spatial heterogeneity. The bandwidths of
IAL RD, and POP are slightly higher than the average bandwidth, indicating that the spatial
heterogeneity of these three variables is at a medium level. The nine variables HSAC, TND,
GDP, GASP, GESP, ECI, PREC, RDLS, and WDSP have small bandwidths and significant
heterogeneity in their impact on air quality.

The standardized coefficient (5C) can reflect the influence of variables on air quality.
The SC values of TND and RDLS are close to 0, suggesting that these two variables have
negligible effects on air quality. PREC > POP > TEMP > RD > 0.5, indicating a significant
positive relationship between these four variables and the AQ]I, indicating that these four
variables are important factors that aggravate air pollution. GDP < WDSP < IAI < —0.5
< NDVI < GASP < HASC < ECI < GESP < 0, showing a negative relationship, where
higher values correlate with a lower AQI, implying a positive effect on the improvement of
air quality.
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Figure 8. The optimal bandwidths generated by MGWR and GWR and the standardized parameter
estimates corresponding to each variable in the MGWR model.

4.4.2. Spatial Heterogeneity Analysis of Driving Factors

The local regression coefficients of each variable and their significance were analyzed to
assess the global impact of each variable on urban air quality (Table 3). The results indicate
that at a significance level of p < 0.05, the parameter estimates for PREC, TEMP, POP, and
RD are significant across more than 85% of the region, demonstrating a strong positive
correlation. The parameter estimates for NDVI, WDSP, GDP, and IAI are significant across
more than 70% of the region, indicating a pronounced negative correlation. Among the
remaining variables, the positive effects of RDLS, GASP, and TND on the AQI outweigh the
negative effects, while GESP and HSAC show stronger negative effects than positive ones.

Table 3. Statistical characteristics of MGWR coefficients.

Indicator Indicator MGWR Coefficients Percentage of Grids by Significance (95%
Category Level) of ¢-Test
Min Max Mean p < 0.05 (%) + (%) — (%)
NDVI —0.043 —0.010 —0.026 70.55 0 100
PREC —0.242 0.877 0.404 93.49 99.31 0.69
NI RDLS —2.143 2.137 0.053 70.98 58.71 41.29
TEMP 0.069 0.257 0.173 100 100 0
WDSP —0.872 0.468 —0.126 85.53 13.11 86.89
POP 0.020 0.209 0.108 98.77 100 0
SEI ECI —0.466 0.286 0.015 20.11 74.46 25.54
GDP —0.634 0.373 —0.178 91.90 2.05 97.95
GESP —0.346 0.188 —0.009 25.11 47.84 52.16
HSAC —0.119 0.082 —0.004 26.34 47.80 52.20
ULI GASP —0.464 0.435 0.003 33.72 54.94 45.06
TND —0.140 0.200 0.009 17.44 63.07 36.93
RD —0.065 0.186 0.076 87.84 95.30 4.70
IAI —0.126 0.034 —0.072 76.70 0 100

The spatial distribution of the standardized coefficients of the MGWR model variables
(Figure 9) illustrates the diverse characteristics of the spatial heterogeneity among these
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variables. In terms of urban spatial layout indicators, RD (Figure 9a) exhibits the most
significant positive correlation. Negative coefficients are concentrated in the south of
Shijingshan District and the northwest of Fengtai District, while positive coefficients are
concentrated in Haidian District, Chaoyang District, and the border area and eastern part
of Chaoyang District. TND (Figure 9b) shows a negative correlation in the northwest of
Chaoyang District and a positive correlation in the west of Fengtai District, suggesting
that, despite the current roads, traffic network density in Fengtai District is low and traffic
pollution emissions are serious. IAl is the most significant correlation variable (Figure 9c),
with its effect weakening from the center of Dongcheng District and Xicheng District
to the surrounding areas, indicating a relatively balanced industrial distribution in the
study area. Figure 9d,e depict the heterogeneity of the impact of urban green spaces, gray
spaces, and humid spaces on air quality, reflecting the influence of urban architecture
and ecological environment configurations. Overall, the positive effect of GASP in the
study area outweighs the negative effect, potentially due to the concentrated distribution
of buildings forming a local heat island effect which elevates air pollutant concentrations
and hinders their dispersion. Conversely, GESP and HSAC show a contrasting effect to
GASP. Thus, increasing urban green space and wetlands remain crucial strategies for urban
air purification.
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Figure 9. Spatial distribution of MGWR standardized coefficients.



Sustainability 2024, 16, 6131

14 of 18

In terms of the socio-economic indicators, POP (Figure 9g) exhibits a notable positive
correlation, showing an increasing trend from the southeast to the northwest across the
city’s six districts. GDP (Figure 9h) shows a significant negative correlation, and the
correlation is generally manifested as an increasing trend from the middle of the study
area to the surrounding areas. The overall performance of ECI (Figure 9i) is positively
correlated, suggesting that reducing the current intensity of energy consumption, especially
electrical energy, will aid in improving air quality under the current conditions.

Among the natural environment indicators, TEMP (Figure 9j) and NDVI (Figure 9k)
show significant positive and negative correlations, respectively, and their positive correla-
tion is stronger than their negative correlation. Their positive correlation increases from
west to east, as the distribution of vegetation has a regulating effect on surface temperature.
The influence of WDSP on the AQI is negatively correlated as a whole. Areas with a high
wind speed are helpful for their ability to diffuse pollutants and reduce the accumulation
of pollutants. PREC (Figure 9m) demonstrates a strong overall positive correlation, which
may be related to the research scale. This study considers the average effect in a long time
series, ignoring the relationship between rainfall and the AQI over time. RDLS (Figure 9n)
has an almost negligible effect on the AQI because pollutants are not easy to gather in
undulating flat areas. However, the spatial distribution of the regression coefficient of this
variable has a certain heterogeneity, possibly due to the distribution of buildings.

4.5. Research Comparation

This study is highly consistent with existing relevant research findings. Tian et al.
analyzed the temporal and spatial variations in air quality in Beijing from 2001 to 2017,
finding a negative correlation between vegetation coverage and air quality and a positive
correlation between energy consumption intensity and air quality. This aligns with our find-
ings, wherein NDVI negatively impacts air quality and ECI positively impacts air quality,
indicating that increasing vegetation coverage and reducing energy consumption intensity
are effective measures to improve air quality [43]. Li et al. evaluated the effectiveness of
two air quality improvement action plans in Beijing, namely the “Clean Air Action” and
“Comprehensive Action”, and found that, under government intervention, coordinated
efforts between economic growth and pollution control significantly improved air quality.
This is consistent with our research conclusion that strict industrial emission control and
the optimization of energy structures can effectively improve air quality [44]. Ban et al.
explored the impact of urbanization on aerosol optical depth, revealing a close correlation
between land surface temperature, land use type, and aerosol concentration. This correlates
with our findings on the impact of TEMP and ULI on air quality, highlighting the significant
effects of land use changes and temperature variations during urbanization processes [45].
Zhan et al. used an MGWR to examine the relationship between green space patterns and
PM2.5 exposure, demonstrating that green spaces mitigate PM2.5 exposure risks at larger
scales. Our study similarly employed the MGWR model and found that the GESP has a
significant positive impact on air quality, supporting the effectiveness of increasing urban
green spaces as a measure to improve air quality [46].

Compared to these related studies, this research provides a more comprehensive and
systematic analysis by considering multiple factors such as the natural environment, socio-
economic conditions, and urban spatial layout. This approach is beneficial for offering more
specific guidance and references to governments and relevant departments in the practice
of air pollution prevention and control. Its scientific value lies in its multidimensional
and multi-scale perspective, which reveals the key factors affecting air quality and their
interaction mechanisms. This enriches existing environmental science theories and offers
significant references for future research in related fields.

4.6. Strategies and Suggestions

Given this comprehensive strategy for improving air quality in the study area, it is
necessary to address the issue from the three key dimensions of natural environmental
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protection, sustainable socio-economic development, and urban spatial layout optimization.
From a natural environment perspective, emphasizing the role of WDSP in promoting the
diffusion of air pollutants through rational urban planning, such as building ventilation
corridors, optimizing building layouts, and enhancing air circulation capacity, is crucial.
Additionally, increasing urban vegetation coverage (NDVI) not only helps regulate urban
temperature and reduce the heat island effect but also directly improves air quality. In terms
of socio-economic characteristics, reducing the ECI and balancing the relationship between
POP and economic growth (GDP) are vital. Implementing policies that promote energy
efficiency and the use of renewable energy sources can significantly reduce pollution. In
this process, government interventions, such as implementing strict emission standards and
incentive measures, can enhance the effectiveness of policy implementation. Optimizing
urban spatial layout involves addressing the impact of industrial activities (IAI) and
the traffic network (TND) on air quality. By strictly controlling industrial emissions,
optimizing traffic structures, encouraging public transportation use, expanding the GESP,
and improving the GASP and HSAC, these strategies can significantly reduce air pollution
sources and enhance the city’s ecosystem services, creating a more livable environment.
Integrating these measures provides specific guidance for urban planning and policy-
making to achieve sustainable air quality improvements.

5. Conclusions

This paper analyzes the spatial and temporal distribution characteristics of the AQI in
the study area and explores the relationships between and spatial heterogeneity of the driv-
ing factors affecting urban air quality from three aspects—the natural environment, social
economy, and urban spatial layout—based on multi-source data. The main conclusions
are as follows: (1) The spatiotemporal distribution of air quality in the study area shows a
certain regularity. Temporally, the overall air quality has been improving year by year and
follows a U-shaped seasonal pattern; that is, spring and winter are the high-value seasons
of the AQI, while summer and autumn are low. Spatially, the high-value aggregation areas
of the AQI are distributed in the eastern part of Chaoyang District and Fengtai District. Its
low-value aggregation areas are distributed in the central and northern parts of Haidian
District and the western part of Shijingshan District. (2) The fitting performance of the
MGWR model is better than that of the GWR. The bandwidth of the MGWR model can
dynamically reflect the spatial effect of variables, making it suitable for identifying the
dominant factors affecting air quality and their spatial effect differences using multivariate
regression. The standardized parameter estimates obtained from the MGWR model reflect
that the influence of TND and RDLS, of the variables used in this study, is low. Among the
variables with a significant positive relationship with the AQI, their degree of influence is
PREC > POP > TEMP > RD > 0.5. Among the variables showing a negative relationship
with the AQ], their degree of influence is as follows GDP < WDSP < IAl < —0.5 < NDVI
< GASP < HASC < ECI < GESP < 0. (3) The intensity and spatial heterogeneity of these
driving factors were identified. The strong spatial heterogeneity variables with significant
positive effects on air quality are NDVI, GDP, and HSAC, while those with notable negative
effects include POP, TEMP, and RD.

Therefore, in the process of urban planning, it is necessary to coordinate the relation-
ship between population and development quality, the natural environment, and the built
environment, from the perspective of regional differences, to improve air quality. Further-
more, the principles of sustainable development should be emphasized by optimizing land
use, increasing green space coverage, enhancing the efficiency of public transportation sys-
tems, and promoting the construction of green buildings to reduce pollution and resource
consumption. The government should actively intervene in environmental governance by
enacting and enforcing strict environmental regulations, providing financial support and
incentives, and promoting innovations in environmental protection technologies to ensure
the effectiveness and longevity of environmental measures [47,48]. By comprehensively
considering social, economic, and environmental factors, we can formulate long-term effec-
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tive planning strategies that not only meet current needs but also lay a solid foundation for
future sustainable development [9,49].

However, this study has certain limitations, which are reflected in the analysis of the
heterogeneity of driving factors on the missing time scale. In future studies, researchers
or city managers may wish to explore the spatiotemporal distribution characteristics of
the AQI driving factors in a time series for an indicative level of the natural environment,
socio-economy, and urban layout. This allows for the construction of dynamic and specific
MGWR models that will help each specific area to scientifically develop refined air quality
management countermeasures.
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Appendix A

Table A1. AQI classification standards.

AQI Value Classification Air Quality Level
0~50 Level 1 Good
51~100 Level 2 Moderate
101~150 Level 3 Lightly polluted
151~200 Level 4 Moderately polluted
201~300 Level 5 Heavily polluted
>300 Level 6 Seriously polluted
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